Abstract. In this paper we extend the Bahk and Gort (1993) (Journal of Political Economy, 101, 561-583) approach of testing for the impact of learning by doing (LBD) on firm productivity using data on a panel of Spanish manufacturing firms. Specifically, we show that support for firm specific LBD and spillovers from sector-wide LBD seems to hinge crucially on the econometric methodology, and hence the underlying assumptions, employed. Once potential biases due to unobserved time invariant firm specific effects and endogeneity are taken account of, there is only support for spillovers from sector-wide LBD. Moreover, results depend on the definition of LBD employed.
I. Introduction
Economists have long taken an interest in the ability of firms to learn by experience, a process commonly referred to as learning by doing (LBD), as it is often viewed as a major source of technical change and productivity growth. Accordingly, as firms age, they are likely to improve their productive efficiency over time by ''learning'' from their experience of operating in the market. Understanding how this process takes place not only allows one to understand how productivities of firms change and industries evolve over time, but may also provide a key for explaining why even within narrowly defined industries firms' productivities appear to differ so widely.
Although attempts at empirically quantifying the importance of LBD for firms' productive efficiency can be traced back to the early part of the last century, ttpgotohe actual logistics of it are, however, still very much under scrutiny and unresolved. The earlier empirical studies on LBD took a rather stringent view of the process by implicitly or explicitly assuming that the level of technology was the same across firms, so that firms benefited relatively only from differences in their accumulated experience in the market, but not from relative advantages in their embodiment of general technology and know-how. Clearly, however, sunk costs and barriers to access will prevent some firms from instantaneously adapting the latest know-how and technology. While Bahk and Gort (1993) using data on US manufacturing firms have since provided evidence that even after allowing for difference in the embodied technology of physical and human capital across firms LBD is still important, Jensen et al. (2001) show using similar data that both factors, older firms' advantage in greater experience in operating in the market and the adoption of the newest technology by new entrants, are important determinants of productivity within industries. Moreover, evidence from the literature on firm survival and firm growth, see, for instance Audretsch (1991 Audretsch ( , 1995 , seems to indicate that the extent to which firms can benefit from LBD may be contingent on the state of technology and level of innovative activity within their industry.
Some authors have considered theoretically the possibility for LBD to spill across firms (see Fudenberg and Tirole, 1983; Ghemawat and Spence, 1985) . Accordingly, the learning process derived from the accumulated experience of operating in the market may not just be internal, as such knowledge may ''spill'' across firm boundaries, so that the importance of firm-specific LBD may be overestimated. In particular, for Ghemawat and Spence (1985) , learning spillovers may reduce the incentive for firms to learn through their own experience since part of the cost savings made by other firms through their own learning, in the same industry or in related industries, is freely available. As experience within an industry rises firms may be able to some extent to ''imitate'' experiences of other firms rather than gain it solely through their own history. There are now a number of recent studies that have attempted to disentangle such spillover effects from internal LBD, although the evidence is not conclusive. For instance, Thornton and Thompson (2001) studying wartime shipbuilding in the US find that learning spillovers were a significant source of productivity growth. Similarly, Gruber (1998) concluded that positive cross-firm spillovers were important in the production of erasable programmable read only memories. In contrast, Irwin and Klenow's (1994) study of the production of dynamic random memory chips finds little evidence of LBD spillovers.
In the current paper we study how both firm level LBD and LBD spillovers have influenced firms' performance using a panel of Spanish manufacturing firms over the period [1990] [1991] [1992] [1993] [1994] [1995] [1996] [1997] [1998] . Specifically, use information from the ''Encuesta Sobre Estrategias Empresariales'' database which which is a firm-level survey of Spanish manufacturing firms with more than 10 employees and provides us with a representative sample of the Spanish manufacturing industry (see Farin˜as and Jaumandreu, 1999) . The manufacturing sector of Spain serves as an interesting case study for a number of reasons. First, Spanish firms have traditionally had low productivity levels compared to its most direct competitors in the European Union (see Barrios and Strobl, 2002) . Before its accession to the EU in 1986 Spain was also characterized by a strong presence of traditional manufactures such as textiles, metal products or leather products and a large number of smallmedium sized firms in some heavy-industries like chemicals, ferrous-metals and machinery and equipment (see Carreras and Estape´-Triay, 1998) . Large firms were essentially connected to the public sector still characterized by government regulation and protection from foreign competition. However, as competition grew Spanish manufacturing experienced substantial restructuring with regard to these aspects and important technological catch-up with respect to the rest of OECD countries, such that investment and modernization of production capabilities was rapid from the mid-1980s until the mid-1990s. 1 The structural changes and the rapid diffusion of modern production techniques throughout the manufacturing industry have thus very likely played a major role in the output and productivity growth observed during this period (see Panalosa, 1994) . For example, Siotis (2003) finds that sectors most exposed to international competion during that period were subject to a substantial fall in profit margins. Similarly, Martin and Jaumandreau (1999) that import penetration had an important impact on productivity growth in Spanish manufacturing. 2 Apart from examining an interesting case study, our paper also provides important methodological contributions to the existing literature. First, we extend the Bahk and Gort (1993) approach of testing for LBD by controlling for unobserved time invariant factors that could arguably have been biasing previous estimates by using panel fixed effects estimator. Second, we also investigate whether the potential endogenous impact of LBD on productivity can affect results. In particular, to achieve this we employ the increasingly popular GMM systems first developed by Arellano and Bover (1995) and Blundell and Bond (1998) , which allows us to control for time invariant factors and also instrument for potential endogeneity of the variables of interest. Our findings indicate that both of these factors are important aspects to consider in trying to understand LBD. 1 Noteworthy, however, is the notable decrease in productivity experienced during the second half of the 1990s (see Estrada and Lo´pez-Salido, 2001; Hernansanz et al., 2001) . Various reasons seem to explain such evolution: First, an important growth of employment during this period. Second, Spanish manufacturing firms engaged into important technological investment during the second half of the 1990s delaying their potential impact on productivity (see Hernansanz et al., 2001) . 2 See also de la Fuente (1995) .
The remainder of the paper is organized as follows. In the Section II we discuss the empirical testing of LBD and our particular specification. In Section III we describe our data set and provide summary statistics. Section IV contains our econometric analysis of measuring LBD. The final section concludes.
II. LBD and Spillovers

TESTING FOR LBD
The basic assumption underlying the LBD hypothesis is that knowledge may explain a large part of a firm's performance and that the best way to accumulate knowledge is to acquire it through experience. Different terms have been used in the literature to represent this phenomenon, such as ''learning curve'', ''progress ratio'' or ''learning by doing''. They all, more or less, refer to the same process through which firms become more efficient by accumulating knowledge, either through lower costs or higher productivity. Here we consider LBD as a factor enhancing firm productivity.
3 The use of productivity in tests of the LBD hypothesis was first implemented by Rapping (1965) to study the effect of LBD on productivity of emergency ship builders during World War II and was followed by other authors providing strong support for the LBD hypothesis like Sheshinski (1967) and Bahk and Gort (1993) for the US manufacturing industry. More recent studies in this vein include Sinclair et al. (2000) for the US chemical industry and Thompson (2001) also for the emergency ships program. All of these provide evidence for a significant impact of LBD on productivity.
Learning, however, refers to a very broad notion and one needs to clearly define the mechanisms at hand. To this end, Bahk and Gort's (1993) taxonomy is particularly useful since it allows one to clearly distinguish between two forms of accumulation of knowledge. First, there is that represented by the accumulation of production factors such as human capital, the implementation of training programs, and research and development activities (see Becker, 1964; Mincer, 1974) . The second kind of learning refers to a broader notion and is represented by the accumulation of knowledge as a by-product of production. This is what Bahk and Gort (1993) call ''organization learning'', or firm-specific LBD, and refers to general accumulation of knowledge or know-how, improvements made in the direct organization of production and other managerial tasks, better communication between employees etc. The hypothesis is that firm-specific LBD is the product of experience and can only happen by facing problems raised by the day-to-day running of production. Such accumulation of knowledge may explain why, for example, there are productivity differentials across firms, as documented by Bahk and Gort (1993) , and could also explain why countries with similar factor endowments differ so widely in terms of GDP per capita growth dynamics, as shown by Lim (1999) for Korea, and Harryson (1998) for Japan.
In this paper we follow the approach advocated by Bahk and Gort (1993) by focusing on firm-specific learning while also controlling for possible effects related to labour-specific learning and improvement in the quality of capital. Specifically, Bahk and Gort (1993) model LBD as a separate factor within a classical Sollow (1957) type of specification as follows:
Equation (1) depicts the level of output, Y, for a firm i belonging to a sector j at time t as a function of labour input L, material inputs I, capital stock K, while X is our measure of experience Z with:
Ideally the choice of a proxy for X should be one that is highly correlated with experience and, as argued by Arrow (1962) , given the complexity of the learning process this can at best be an approximation of reality. Several options have been used both in the empirical and theoretical literature. For example, Arrow (1962) in his seminal theoretical work considers cumulated investment as a proxy for LBD. The idea is that new waves of investment exert an influence on the firm production so that ''learning is taking place with continually new stimuli '', Arrow (1962, p. 157) . The underlying hypothesis is that new capital goods embody all the knowledge available at a particular point in time and that this in turn influences productive efficiency. Some authors as, for example, Sheshinski (1967) have used this measure to empirically test the LBD hypothesis and found substantial evidence of learning exerting a positive and significant influence on US manufacturing firms' efficiency. One must note however that the use of cumulated investment can only capture capital-related technical progress via the use of new vintages of capital. This ignores improvement made in manual tasks or in the organization of the firm that cannot be exclusively attributed to new investments. Another option is to use the cumulated level of output as a measure of experience. For example, in the first documented study concerning LBD, Wright (1936) used cumulative output as the variable representing LBD in order to explain the decline of unit labour inputs in the air-frame industry and a vast empirical literature have adopted this approach since then (see Thompson, 2001 , for a recent example). While this variable has the advantage of directly measuring the productive experience of a firm, cumulated output may also suffer from variations across years that have nothing to do with experience, due, for example, to variation in final demand. A last option, also suggested by Arrow (1962) , is to use time elapsed since the birth of firm in order to capture LBD. Here LBD is included as a shift parameter specific to each firm and simply represents firms' age. This option was first used by Oi (1967) in a productivity framework. The advantage of using this shift parameter is that it avoids using noisy information represented by variation in either production or investment. In addition, some authors observed that production remained constant while firms' productive efficiency tended to increase with time; see, for example, the classical studies by Middleton (1945) and Searle (1945) for the US air-frame industry and the US Wartime shipbuilding program, respectively. The main problem, however, when using age as proxy for experience is that it assumes LBD to have a constant influence on firms' efficiency, i.e., it is simply a firm specific time trend. Here, as in Bahk and Gort (1993) , we represent firm-specific LBD alternatively by a time trend specific to each firm, i.e., its age, and by cumulated output. When experience is represented either by cumulated output or age at the firm level, it may be encompassing both learning through new investment as in Arrow (1962) or improvement in workers skills and ''on the job learning'' as suggested by Mincer (1974) and Killingsworth (1982) , together with firmspecific LBD. In terms of our capital variable, one must note that in our Spanish data set this variable is not adjusted for quality improvement, see the discussion of the data in the Annex. In that sense we, as Bahk and Gort (1993) , need to control for possible learning through the accumulation of capital if new capital vintages embody technological progress as suggested by Arrow (1962) . Both empirical and theoretical findings suggest that vintage capital can affect growth through embodied technological progress and improvement in productive efficiency. Moreover, previous studies like Bahk and Gort (1993) and Doms et al. (1995) show empirically that plants using advanced technologies grow faster and are more likely to survive. Boucekkine et al. (1998) also show theoretically that the vintage capital model may play a crucial role in explaining economic fluctuations and growth. To capture this effect we, similarly to Bahk and Gort (1993) , include a proxy measuring the vintage of capital, namely the weighted average vintage of the capital stock where the different components of the capital stock are inversely related to their age.
In terms of capturing improvements in worker skills and ''on the job learning'' we again follow Bahk and Gort (1993) and use the level of wages per employee W. The rationale of using this variable as an indicator of the quality of human capital rests on Mincer's (1974) human capital earnings function which is based on human capital theory. In particular Willis (1999) provides an extensive review of the literature showing the positive role played by human capital as an explanatory variable of wages differentials. We may thus reasonably assume that workers are able to capture part of the returns to human capital through higher wages. One must note, however, that considering wages as an indicator of human capital is subject to some limitations in the Spanish case. First, evidence for this country has shown that the link between wages and human capital is probably not as strong as compared to other OECD countries. In particular, this link seems to be significantly influenced by sector-specific characteristics, mismatch between wages, and education and gender, see Oliver et al. (1999) . In addition, although returns to human capital investment in Spain tend to be positively correlated with higher wages, this relationship is weaker than for other OECD countries, see de la Fuente (2003) .
We also need to control for economy-wide learning which is typically done by including a Sollow-type shift parameter A that is meant to capture total factor productivity in line with Sollow (1957) . In our case it is the level of technological level of the whole manufacturing industry. As it is common in the literature, A will be represented by a time trend in our estimations. In the spirit of Bahk and Gort (1993) we can thus re-write Equation (1) using a Cobb-Douglas function including the shift parameter A, the vintage variable as well as the human capital measures:
where the function G(V,X) represents improvements in productivity due to capital quality (V) and firm-specific LBD (X). One should finally note that in terms of using (3) as a base for our empirical analysis, some recent evidence suggests that other more flexible specifications, such as the CES or the translog function, may perform empirically better, at least at the country level -see, for instance, Duffy and Papageorgiou (2000) . From a theoretical perspective, Duffy and Papageorgiou (2000) also argue that in some neo-classical models long-run endogenous growth due to production technology advances -and one could feasibly make the argument that this also incorporates LBD -arises only when the elasticity of substitution between capital and labour is greater to and not equal to one as assumed by a Cobb-Douglas specification. However, as noted by Arnold (2003) , the Cobb-Douglas function is not only theoretically more tractable but also much easier to estimate than other common specifications, and this may explain its continued use in the theoretical and empirical literature on LBD (see, for example, Cooper and Johri, 2003; Pavlova, 2003) . Moreover, and most importantly for the current paper, we employ the CobbDouglas specification in order to make our empirical estimates comparable to those of Bahk and Gort (1993) .
LBD SPILLOVERS
Equation (3) allows for only two channels of LBD, namely the firm-specific and economy-wide LBD. Such hypothesis is not likely to be realistic if one considers the possible influences of conditions within an industry, such as the intensity of competition, the state of technology and the diffusion of knowledge between firms within the same sector. One may assume that in some industries such factors are likely to partly determine the way firms innovate and/or adapt to competitive pressure. More specifically, the role played by firms' experience is likely to not only influence their own productive efficiency but also the one of their more direct competitors. For example, some authors like Fudenberg and Tirole (1983) and Ghemawhat and Spence (1985) have argued that learning from experience may not be totally appropriable by firms and there may be some leakages related to LBD. Learning spillovers may take various forms. For example, it can be made through the imitation of product innovation through reverse engineering as in Helpman and Grossman (1989) and Ala-Harkonen and Rutenberg (1993) . Learning spillovers may also occur if workers are mobile between firms. In such a case part of the benefits from their past experience is appropriated by competitors. This is especially true in modern and competitive industries, such as the new information technologies, where firms are keen to hire skilled workers in other firms and thus indirectly benefit from their competitors' experience (see Franco and Filson, 2000) . In fact, the nature of competition and the potential for learning spillovers may influence each other, shaping the structure and performance of an industry; see, for example, the study by Jarmin, 1993 concerning the rayon industry.
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We take account of potential spillovers by including the weighted sectoral means of firm age (or the cumulated production level), where weights are given by firms' employment share. This specification is similar to the one employed in macro and sector level studies, such as Hall (1988 Hall ( , 1990 and Lyons (1990, 1992) , although in a very different context. In a more related context, Thornton and Thompson (2001) use unweighted experiences of other shipyards to investigate the possibility of learning spillovers within the wartime shipbuilding industry. Including external learning spillovers in (3) gives:
with S being our LBD spillover variable specific to sector j to which firm i belongs. More specifically S corresponds to the following expression:
where the term w ijt represents the share of firm i in total employment of sector j at time t. Accordingly and following standard oligopolistic models, we assume that firms' sizes directly determine their influence on the state and level of technology within an industry. One should note that using this type of weights we are implicitly assuming that differences in relative capital/labour intensities across sectors do not affect external learning spillovers.
We can re-write (5) using logarithms which gives us the following estimable expression:
where Y, V, K, W, L, I and X are defined as above and t replaces A and represents the chronological time in years intended to control for aggregate productivity shifts, and hence economy-wide LBD. Equation (6), which is the main specification to be tested in this paper, thus disentangles the level of productivity into its main components, namely the level of inputs represented by L, I and K, the quality associated with labour and capital, W and V, the level of economy-wide learning represented by t, firm-specific learning X, and industry-wide learning or spillovers in LBD, S.
III. Data
We conduct our econometric test of the LBD hypothesis using firm-level data of the Spanish manufacturing industry over the period 1990-1998. Additional information about the data is provided in Appendix A. Our data are different in two respects to most of the more recent studies of LBD. First, in general, studies on LBD have been conducted at the plant-level. The fact that we use firm-level data is not, however, necessarily an inconvenience. As a matter of fact, it is arguably unreasonable to assume that learning at the plant level is independent of other establishments linked to the same parent firm, as it is general assumed when plant level data is used to examine LBD. In other words, knowledge acquired through experience by the parent firm or other plants within the same firm is likely to be transferred at least to some extent to other plants. The second important difference in our data set refers to the fact that previous studies have exclusively focused on following plants after observing their birth. Our data does not, however, cover enough births to leave us a with a reasonable sample size, 6 and hence we also include firms whose birth occurred prior to the beginning of our sample period, which means including firms of all ages, thus also much older plants than in the Bahk and Gort (1993) and Jensen et al. (2001) studies.
Another drawback related to this feature of our data is that, at least in the simple OLS specification, we can only use a firm's age as a proxy for its acquired experience, given that we can calculate accumulated output solely for firms which we observe from birth. One should note, however, that the use of our panel estimators allows us to nevertheless still use cumulative output as a proxy for experience given that we can thus set previous unobserved output at an arbitrary value since it is purged from the equation once fixed-effects are accounted for, either by taking first differences or deviations from the mean.
Finally, with our data we are not able to take account of firm exit in that we are unable to separate firms that leave the sample because they shut down from those whose non-response is due to other random reasons. Not taking account of firm exit could, of course, cause survival bias in that older plants appear to be more productive. However, one should note that even where actual exits could have been identified in the existing literature of LBD, for example, Bahk and Gort (1993) and Jensen et al. (2001) , this has not been taken account of, probably in large part due to the relative lack of proven econometric tools to correct for sample selection bias. Thus our results, as well as these earlier ones, must be interpreted as representative for surviving production units only and not necessarily of the entire firm distribution. Table I provides some summary statistics of our firm level variables used in (6). One can see that the dispersion of our firm level LBD proxies of X from (3), i.e., age (X A ) and cumulative output (X Y ), similarly tends to be high relative to their mean.
7 Thus, if some credential is to be given to the LBD hypothesis, the large dispersion on firms' LBD may explain in part the large dispersion in firms' productivities. It is also noteworthy that at the sectoral weighted level dispersion is much lower relative to the mean for both LBD proxies.
Also, some investigation of how close our two firm level LBD proxies are related is in order. To move beyond simple correlations we regressed cumulative output on firm age and a set of zero-one type yearly time dummies common across all firms, using OLS where the two LBD proxies 6 After dropping all births with missing values for the necessary variables, we would have been left with only 89 births.
7 Non-reported results on the dispersion of productivity also reveal important disparities within sectors, a result in line with preceding studies of LBD (see Jensen et al., 2001 ).
were transformed into deviations from their mean. Although the coefficient on firm age was positive and significant, the R 2 of the regression, 0.03, suggested that firm age could only explain a small variation of cumulative output.
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IV. Econometric Results
ORDINARY LEAST SQUARES ESTIMATOR
As a starting point we first report the OLS estimates of a standard production function based on (6) without our LBD and related variables in the first column of Table II . One should note that we also include, in contrast to Bahk and Gort (1993) , in all our specification year specific time dummies in order to control for macro-economic factors that may have occurred over our sample period. As can be seen, all of our factors of production turn out to be important determinants of the production function of Spanish firms. Notes: TFP is equal to ln(Y)-sk*ln(K)-sl*ln(L), where L and K represent the number of employees and the capital stock, respectively while the sk and sl correspond to the share of capital and labour in value-added; TFP is measured as an index = 1.00 for Electrical Machinery in 1990. Sources: ESEE and authors' computation. 8 The raw correlation between the transformed (deviation from their means) variables was 0.18. 9 The exclusion of either time dummies did not qualitatively alter our results in this or any of our subsequent estimations, although, at times, the absolute size of the coefficient of the other variables did change slightly. The continuous significance of intermediate inputs and support from F-tests of the joint significance of the time dummies in all of our specifications, however, prompted us to report these results rather than those excluding these additional variables. The results without these variables are available from the authors upon request.
We next proceeded by specifically estimating (6) including a firm's age as a proxy for firm-specific LBD, X A , as shown in the second column. Given that co-linearity prevented us from simultaneously including an aggregate time trend, one should note that our time dummies may to some extent also capture economy-wide LBD, although we cannot separate the effect of such from other macro-economic shocks. In contrast to Bahk and Gort (1993) , we find no evidence of firm specific LBD, whereas, in line with their study, our results do suggest that embodied technical change of physical capital, as proxied by V, acts to increase a firm's output.
In the final column of Table II we also included industry specific dummies in our OLS specification to determine whether the failure to control for unobservable time invariant industry specific effects may be biasing our estimates. However, although a simple F-test supports the joint significance of the industry dummies, the results do not suggest that their inclusion significantly alters the previous results. There is still evidence of the importance of vintage capital, while there is no support for LBD taking place. Notes: (1) Standard errors in parantheses; (2) ***, **, and * represent 1, 5, and 10% significance level, respectively -otherwise the p-value was above 0.10; (3) All specifications include time dummies.
FIXED EFFECTS ESTIMATOR
One should note that in estimating a similar equation Bahk and Gort (1993) adhere strictly to their model and hence are implicitly assuming that the explanatory variables fully capture a firm's production process. In reality, of course, this is unlikely to be the case as other factors may also determine a firm's productivity and/or the proxies used to capture the inputs specified above may be less than perfect than their intent. Specifically, if there are other time invariant unobservable (to the researcher) factors that determine a firm's output then the error term in (6) may be specified as:
where l is the unobserved time invariant plant specific effect and x is the remaining i.i.d error term. If l is correlated with any of the regressors then simple OLS on (6) would render their estimates biased -a now standard result used to advocate panel data estimators if such data is available (see Greene, 2000) . For example, technological intensity not adequately captured by K or V, is likely to affect both output and the ability to learn by doing. One could similarly argue in terms of institutional arrangements within the firm. Moreover, such time invariant factors may also be at the sector level.
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For instance, barriers to entry in a sector may both increase a firm's output, but also reduce its incentive to learn by doing. We thus re-ran our base specification using a panel data fixed effects estimator, which allows us to purge any unobserved time invariant firm specific effects from our equation, the results of which are depicted for a variety of different specifications with regard to our LBD proxies in Table  III . First, a F-test of time invariant firm specific effects in all specifications suggests that these are important to take account of in the estimation of our equation, and hence support the fixed effects estimates rather than our earlier OLS results. As can be seen, the results under the fixed effects model are strikingly different. The vintage of capital is never longer a significant determinant of output, and, hence, we, as well as possibly Bahk and Gort (1993) , were likely simply capturing some other unobserved, but correlated, fixed effect in the OLS specification. Moreover, one finds that the significance of employment depends on the specification employed, while the sign on the wage rate turns negative. It is also clear that the coefficients on K and I are reduced substantially in the fixed effects estimation, suggesting that in the OLS model they were also proxying some other unobserved efficiency not explicitly specified in our model. Continued. Notes:
(1) Standard errors in parantheses; (2) ***, **, and * represent 1, 5, and 10% significance level, respectively -otherwise the p-value was above 0.10; (3) All specifications include time dummies.
LEARNING BY DOING AND SPILLOVERS
We now turn to our results concerning the LBD variables. The estimates including cumulative output, X Y, and an aggregate time trend are provided in the first column of the Table III . Accordingly, we find a positive and significant coefficient on cumulative output, suggestive of firm specific LBD, a result that is now in line with Bahk and Gort (1993) .
11 As can be seen from the fifth column, this result is confirmed using firm age. Given the fact that compared to OLS a fixed effects specification purges any (time invariant) variation between firms, but retains within firm variation in the variables, the contrasting results with age across models indicates that these two factors act as countervailing forces in terms of the impact of firm specific LBD on productivity. In other words, while firms become more efficient over time, older firms are less efficient than younger ones on average because of other (unobserved) reasons. One should also note that we now have no evidence of an effect of embodied technical change of physical capital.
In her study of the impact of age on US plant productivity, Power (1998) discovered that after a certain threshold, a plant's experience ceases to exert a positive influence on productivity and at best, has no influence on productivity once a certain level is reached. Also, Huergo and Jaumandreu (2003) , using the same database as here, find that new firms tend to display higher productivity growth rates which, after some time, tend to converge to the average of surviving firms. According to these authors, ''average growth is likely to be based on ingredients like incorporated technological change, learning over time, and the absorption of spillovers'', see Huergo and Jaumandreu (2003, p. 20) . To allow for the possibility that a firm's capacity to learn by doing may decrease in Spanish manufacturing we thus also experimented with allowing for a non-linear relationship between experience and productivity by including the squared values of our firm level LBD proxies as additional explanatory variables.
12 As can be seen from columns 2 and 6, the insignificance on the squared values of the firm specific LBD variables suggest that the relationship between firm specific LBD, measured either as age or cumulative output, and productivity is not non-linear for Spanish firms.
A firm's ability to learn by doing may, as argued in the previous section, not be independent of other firm's accumulated experience from the same activity. If such spillovers are fairly time invariant over shorter time periods, like the one represented by our data set, then they should have been captured by our industry dummies in our OLS estimation and have already been purged from our equation with the fixed effects estimator. However, in newer sectors or in sectors where there are exogenous influential technological or other undergoing structural changes this is unlikely to be the case. Under such a scenario, our estimate of firm specific LBD could thus very well be biased. To assess this possibility we included our sector specific spillover proxies for S described in (5), the result of which are given in columns 3 and 7 of Table III, respectively. As can be seen, although the coefficient is positive, indicating that a firm's productivity depends on the industry wide experience as measured in terms of firm age, S A , it is insignificant. Moreover, for the cumulated output specification the coefficient on the sector-level LBD variable, S Y , turns out to be, contrary to expectations, negative and significant. We thus also experimented with including squared values of our sector-specific LBD variables as shown in columns 4 and 8. Accordingly, once these are included, we find that for both cumulative output and firm age there is evidence of positive sector specific LBD spillovers, although these appear to occur at a decreasing rate.
13 One should also note that for the cumulative output specification, the coefficient on firm specific LBD nearly doubles when sector specific spillovers are properly modeled.
GMM SYSTEMS ESTIMATOR
The differences in the results using a fixed effects estimator relative to those derived from simple OLS provide a strong case for controlling for time invariant firm specific effects in estimating (6). However, an implicit assumption underlying both these estimators is also that the explanatory variables used are strictly exogenous. There is, of course, no a priori reason to expect this to be the case. For example, with regard to our LBD proxies, one could easily argue that firms with high productivity are likely to accumulate greater output. One can similarly make a case for the possibility of the simultaneity of all our other firm specific explanatory variables. Such endogeneity could again cause their estimates to be biased. A now popular method to take account of this while also controlling for fixed effects is the GMM systems estimator developed by Arellano and Bover (1995) and Blundell and Bond (1998) , using a dynamic formulation of (6) where the lagged value of the dependent variable is included.
14 Accordingly, one simultaneously estimates first differenced and level versions of (6), where for the former appropriately lagged values and for the latter appropriately lagged differences of the endogenous variables can serve as valid instruments.
15 13 This conclusion is not altered by including squared terms of the the firm specific LBD variables, which again turned out to be insignificant.
14 The dynamic formulation of (6), that is the inclusion of a first order lagged value of the dependent variable is necessary in order to make the use of such instruments valid. However, as shown by Blundell and Bond (2000) , an autoregressive error component seems a common feature of empirical production functions. The significance of our lagged value in all specifications also indicates this. 15 Alternatively, one could have also used the GMM estimator proposed by Arellano and Bond (1991) , however, Blundell and Bond (1998) have shown that this estimator performs poorly in finite samples.
The advantages of using the GMM systems estimator for the estimation of production functions are demonstrated in Blundell and Bond (2000) using US data. Here we apply this estimator to (6) with our Spanish manufacturing data, allowing for the endogeneity of all our firm specific variables. One should note that while by construction the error term in the dynamic version of (2) is a AR (1) process, the validity of the estimator explicitly rests on the assumption that there is no second order serial correlation. We test for this in all our GMM systems specifications using the test statistic suggested by Arellano and Bond (1991) , but find no evidence in support of our model. Moreover, we implement Arellano and Bond's (1991) Sargan test of the validity of our instruments and in all cases find support for these. Details are provided in the notes to Tables IV-VII. The results of this exercise for our total sample for various specifications are reported in Table IV. 16 Before discussing the results it is important to point that in the first difference transformation of our data firm age simply reduces to a constant across all firms. Hence in the specification where age is used a proxy we simply interpret the constant as the indicator for firm specific LBD, implying that between years LBD increases by a constant (to be measured) value. 17 Moreover, because it is just a constant we are unable to use its lagged values as instruments, so that the results on firm age must be viewed with some caution.
From the insignificant, and negative, coefficient on firm level cumulative output and the positive significant coefficient on sector level cumulative output in the first column on can see that after taking account of both unobserved time invariant fixed effects and potential endogeneity of the firm specific regressors, there is no evidence that firms learn by doing other than as an industry as a whole. In other words, our results seem to suggest that accumulated knowledge within a sector is absorbed nearly instantaneously. Including squared firm and sector level LBD proxies, as in the second column, shows that there may be some non-linearities in LBD, as also suggested by Huergo and Jaumandreu (2003) . Specifically, we now find a negative effect of firm level LBD, although decreasing and only significant at the 10% level, while sector LBD occurs at a decreasing rate.
Column 3 in Table IV reveals that neither the coefficient on firm age, i.e., the constant, nor the sectoral average age are significant, thus not suggesting support for either firm or sectoral level LBD. While we cannot allow for nonlinearity of firm age because it is simply a constant, we did experiment with a quadratic sectoral age term in the fourth column of Table IV -but this made little difference to our lack of support for LBD. In the last two columns of the 16 As is standard, the results reported are for the one-step estimates for the standard error and we use the 2-step Sargaan and autocorrelation test statistics. 17 In the specification where we use cumulative output we therefore exclude the constant, although it must be pointed out that its inclusion did not alter our results qualitatively.
tables we also experimented with including industry dummies in our estimation for both sets of proxies, as this allows for industry specific linear time trends in levels. As can be seen, this does not change our earlier results. Notes: (1) Standard errors in parantheses; (2) ***, **, and * represent 1, 5, and 10% significance level, respectively -otherwise the p-value was above 0.10; (3) All specifications include time dummies; (4) Wald test is for joint significance of all explanatory variables.
The lack of evidence of firm specific LBD lies in stark contrast to the studies of Bahk and Gort (1993) and Jensen et al. (2001) and thus requires some robustness checks that our results are not attributable to the peculiarities of our data. First, as pointed out earlier, our estimation is for firms rather than their plants as in the aforementioned studies, so that the discrepancies in results could be due to the possibility that firms as a whole learn differently than their individual establishments if these are not time invariant. Although we do not have establishment level data, we can roughly identify those firms that are single establishments. Specifically, the ESEE provides intermittent information for most firms in the years 1990, 1994, and 1998 on how many plants the firm consists of. Under the assumption that plants that have no parent firm learn no differently than multi-establishment plants, we can thus check whether our results are driven by the firm level nature of our data set.
18 To do so we reduce our sample to single establishment firms, where a firm is considered to be a single establishment if in any of the years for which the information was provided there was no indication of having more than one establishment. 19 This turns out to be more than 90% of our total sample. Our GMM system estimates for this sub-sample are provided in Table V . Exclusively focusing on the LBD variables, one can see that the aggregate results are generally robust to the exclusion of multi-establishment firms -there is indication of sector level LBD, but only when cumulate output is used as a proxy. The only discrepancy seems to be in the fact that our (admittedly weak) result on negative, but decreasing, effects of firm level LBD in terms of cumulative output is contingent on the inclusion of multiplant firms.
It is, second, also important to point out that our sample of firms also includes much older production units than in Bahk and Gort (1993) . One might, however, expect LBD to be much more characteristic of newer entrants to the market compared to those who already have a lot of experience. To investigate this we thus divided our sample into young and old firms. In choosing a natural cut-off point for such a categorisation, we simply used the maximum age of plants included in the Bahk and Gort (1993) sample, namely 14 years. As it turns out the average of age of the younger firms in our sample is very similar to the mean age in the sample of US plants in Bahk and Gort (1993) , standing at 7 years. In contrast, the mean age of our older firm sample is about 34 years. The results of running the GMM systems estimator on our various specifications of (6) for the two age samples are given in Table VI . Examining the younger sample first, one sees that there is no 18 One should note that this assumption is also implicit in the studies by Bahk and Gort (1993) and Jensen et al. (2001) . 19 Given the small number of multi-establishment firms we are thus unable to estimate (6) for this sample separately. evidence of firm or sector level LBD. As for the aggregate sample, however, there is some evidence of sectoral level LBD, again only for the cumulative output proxy. For our older firms we similarly also find no evidence Notes: (1) Standard errors in parantheses; (2) ***, **, and * represent 1, 5, and 10% significance level, respectively -otherwise the p-value was above 0.10; (3) All specifications include time dummies; (4) Wald test is for joint significance of all explanatory variables. Continued. suggestive of firm specific LBD, regardless of whether we use age or cumulative output as a proxy.
V. Summary and Conclusion
The present paper investigates the existence of firm-level LBD and spillovers using data for the Spanish manufacturing industry over the 1990-1998 period. In contrast to previous studies, we use panel estimation technique and show the choice of econometric techniques, and hence the underlying assumptions, seems to greatly affect the nature of the results. In particular, we find evidence suggesting that firm-specific LBD exerts a positive influence on productivity only when fixed-effect estimators is used. We also find support for positive spillovers related with LBD both using firm age and cumulated output as our proxy for learning. However, after taking account of potential endogeneity issues for the firm-specific regressors, the firm-LBD specific effect vanishes while the LBD spillover still holds if one uses cumulative output as a proxy for LBD. Accordingly, technological diffusion and catch-up appear to have been stronger forces than firms' individual experience in order to explain productivity levels in Spanish manufacturing during the 1990s. A closer look at the results reveals in fact that older firms are those most likely affected by potential spillovers from LBD. Finally, some of the shortcomings in our analysis also point to gaps in the literature on learning by doing in general. First, studies have as of yet to measure learning by doing for the entire firm/plant distribution rather than just for surviving plants. Second, the link between a firm's and its individual establishments' learning by doing needs to be adequately addressed. Third, it would be useful to be able to assess how well proxies such as firm/plant age and cumulative output perform as measures of learning by doing. Moreover, one should note that our evidence concerning sector level LBD, as proxied by cumulative output, could be related to sectoral demand factors or, in the worst case scenario, simply capturing sectoral demand trends. As richer data become available these aspects should prove to be fruitful avenues for future research.
Appendix A: Data Description
Our data source for our empirical analysis is the ''Encuesta Sobre Estrategias Empresariales'' from the Ministerio de Industria y Energia (MINER, Madrid) and the Fundacio´n Empresa Pu´blica (Madrid). The reference population is based on a Social Security database and covers the whole population of Spanish manufacturing firms. The unit of observation is at the firm-level, including firms with more than 10 employees only. The sampling design provides us with a representative sample of the Spanish manufacturing industry, see Farin˜as and Jaumandreu (1999) . An important feature of the data is that firms are chosen according to a selective sampling procedure with different probabilities of firm participation depending on their size category. All firms with more than 200 employees are asked to participate, while a representative sample of firms is drawn from the whole population of firms. Initially (in 1990) , 2188 firms were surveyed while with 715 having more than 200 employees representing 68.1% of the total sample while firms with less than 200 employees covered by the survey represents approximately 3.9% of the total estimated population of the Spanish manufacturing industry. For the subsequent years, the sampling procedure was maintained. As new firms have been added every year to in part compensate for firms dropping from the survey the data constitutes an unbalanced panel of firms. The total number of firms participating to the ESEE is approximately 2500 firms for the period 1990-1998. The ESEE provides a number of variables at the firm level that are of interest to the present study, namely the number of employees and their remuneration, sales, capital stock, intermediate product used for production, age, and the average age of capital stock (separately for machinery and buildings). All nominal variables were deflated using sectoral price indices, where each firm's economic activity was classified (by the data) into one of 18 sectors of the nomenclature CNAE74, which is an altered version of the European Nace 70 codes. Firms are classified according to their main production activity. In order to ensure that outliers were not driving our empirical results we excluded all observations where output was two standard deviations above or below the mean.
The sectoral classification comprises the following sectors:
17. Rubber and plastics 18. Other manufacturing
The list of variables used in the study are described below: Output (Y): Output is defined as the sum of sales net of the variations in inventories.
Capital stock (K): This is the value of machinery and buildings and is not adjusted for quality. Also, the value of capital stock was not available for 1990 and 1991, so that we instead used the capital stock reported for the subsequent years and estimated the values for 1990 and 1991 using the investment figures for those years and a standard depreciation rate of 15%.
Employment (L): This variable corresponds to the total number of employees at the end of the year.
Wages per head (W): This corresponds to the total wage bill divided by the total number of employees.
Vintage capital (V): This is the weighted average age of machinery and buildings corresponding to the stock of capital.
Intermediate products used in the production process (I): Total annual purchase of intermediate products + variation in stock of intermediate products.
Age (X A ): Time elapsed (in years) since birth of the firm.
Cumulative Output (X Y ): Sum of output over firm's lifetime.
